Abstract There is no doubt that the urban heat island (UHI) is a mounting problem in built-up environments, due to energy retention by the surface materials of dense buildings, leading to increased temperatures, air pollution, and energy consumption. To investigate the UHI, three-dimensional (3-D) information is necessary to analyze complex sites, including dense building clusters. In this research, 3-D building geometry information is combined with two-dimensional (2-D) urban surface information to examine the relationship between urban characteristics and temperature. In addition, this research introduces spatial regression models to account for the spatial spillover effects of urban temperatures, and includes the following steps: Finally, the implications of the results are discussed, providing guidelines for policies to reduce the UHI.
Introduction
Construction materials, such as concrete and asphalt, absorb thermal energy during daytime and release it during nighttime, leading to temperatures in urban core areas higher than in sur- Although their results demonstrate that stereoscopic city models help derive valuable urban characteristics, they overlooked neighboring effects, and spatial dependence. This paper expands the previous work by Chun and Kim (2010) by specifying and estimating spatial regression models.
The remainder of the paper is organized as follows. Section 2 consists of a literature review. 
Literature Review
The UHI is an important environmental issue related to surface temperature differentials created by urban development. Many cities and some of their suburbs have higher temperatures than their surroundings. In general, urban impervious surfaces absorb solar heat and hold it in the absence of cold air advection, particularly in environments of high-rise buildings and low albedo [39, 36] .
This increased thermal capacity induces a difference in the micro-climates of urban and rural areas. In particular, land uses are directly related to surface temperatures, as their characteristics affect the storage and radiation of heat, and its partition into latent elements. Heavy particle concentrations in industrial sites result in higher radiative emissivity of particles that explain the absorption of solar radiation [29] . Similarly, converting soil and vegetation into impervious surfaces is a major cause of the UHI [27] . As a result, much research has focused on how urban temperatures are affected by surface materials.
Vegetative cover decreases the absorption of thermal energy due to evapotranspiration and high albedo. Previous research has found that vegetated areas tend to have lower surface temperatures [1] . Oke (1988) reports that impervious areas have temperatures 2°C higher than those in vegetated districts. Li et al. (2010) show that locations further away from a highway or a metropolitan area are associated with lower surface temperatures. Ca et al. (1998) report that the surface temperatures of a grass field in a park are 19°C lower than those of impervious surfaces. Landsberg and Maisel (1972) show that impervious materials are obstacles to the emission of thermal energy from ground surfaces by moisture particles, and find that there is a 1~2°C difference between rural and urban areas. Much of the previous research has focused on the influences of urban characteristics on the UHI. Oke (1997) has been among the first to describe a UHI model, using urban geometric patterns. For example, wind speed is reduced by buildings that face each other closely. Weak airflows are one of the factors leading to higher surface temperatures. With regard to surface characteristics, the albedo (reflectivity) is also related to the UHI. A high albedo releases thermal energy from the surface, but a low albedo absorbs this energy into the surface [3] . Additionally, thermal storage by surface materials is an important factor in investigating urban energy balances. Most materials used for buildings and impervious surfaces easily store thermal energy. On the other hand, a vegetative cover produces lower surface temperatures, due to much lower absorption of thermal energy resulting from evapotranspiration and high albedo.
For example, the UHI intensity is relatively lower during summer daytime, but it becomes higher during summer nighttime and during all days in winter [21] . Despite this difference, surface temperatures in built-up environments are higher than in rural areas, because high-rise buildings trap heat within a limited ground space [36] . Therefore, a 3-D building representation is necessary to understand how urban geometry impacts the UHI [4] . The sky view factor (SVF) and the height-to-width (H/W) ratio are representative measures of these geometric effects [3, 31, 32, 16, 15, 12, 13, 35] . 
Data
The proposed UHI models are based upon three information categories: (1) Generating 3-D city models is very time-con-suming, and it is difficult to describe building properties (e.g., volume, surface, number of floor, and other characteristics) in terms of exact shapes. We believe that using box-shaped buildings is a good and practical approximation of real building shapes. 
Grid Structure
Much past research has used geographically large areas (e.g., nation, state, county, census tract and block) to investigate the relationship between surface temperatures and urban characteristics. Although such data can produce meaningful statistical relationships, they cannot reflect the role of fundamental urban structures, such as buildings, due to the spatial resolution.
Coarse resolutions do not contain detailed building structure data. To examine these characteristics, we need to use a smaller spatial resolution.
A 120m grid structure is used in this research, corresponding to the spatial resolution of the thermal band captured by Landsat TM. Its unit area is smaller than the unit areas used in previous research. Figure 3 illustrates the variations in building volumes captured over this grid.
Superimposing urban characteristics into each grid cell creates the dataset necessary to conduct statistical analyses. (1) and (2) are used to perform this conversion.
Equation (1) is the primary formula to estimate temperature, and includes two calibration con- 
where ai denotes building I ground floor in a cell, and n represents the number of building footprints in the cell. Figure 5 illustrates building footprints measurements.
where   represents the total exterior surface of The primary difference between the urban temperature and NDVI maps is related to spatial resolution. Surface temperatures are based on a 120m pixel size, whereas NDVI is represented by 30m pixels. Therefore, NDVI denotes the total NDVI value in a cell. 
where  denotes the radius of the sphere, and  denotes the height of the cap ( Figure 7 ). We can re-write Eq.10 as follows:
where  denotes the radius of the sphere, and  denotes the height of the cap ( Figure 7 ). We can re-write Eq.10 as follows:
Two measures of SVF are proposed: ground SVF (GSVF) and total SVF (TSVF). GSVF measures SVF at ground level, without any consideration of SVF measures on building roofs.
GSVF represents the pedestrian point of view.
Much previous research has concentrated on GSVF. It is difficult to predict GSVF, due to the variety of building locations, shapes, and sizes on limited grounds. Therefore, GSVF is averaged, producing AGSVF (Eq. 13). We similarly estimate the average SVF (ARSVF) at the building roof level: 
where  is the number of observation points in each cell. Based on these SVF values, we can estimate TSVF, with weights equal to the number of observation points (Eq.14):
where   is the number of observation points at ground-level and   the number of observation points at building roof-level. The total number of observation points is 9,152 (7,682 at ground-level, and 1,470 at building roof-level) with a 60m regular interval distance. The values of TSVF and AGSVF over the study area are illustrated in 
STATISTICAL MODELING
Regression analysis is applied to explore the relationship between the surface temperatures and urban characteristics for the 120m grid. The goal is to find the model that best represents the UHI.
The Ordinary Least Squared (OLS), the Spatial Lag Model (SAR), and the combination of the SAR and SEM models (General Spatial Model: GSM) are used. New variables are added one by one, in order to avoid multicollinearity 1) problems. Significance and expected signs are considered in this incremental testing.
OLS Results
This model involves all independent variables without any multicollinearity problem. All the coefficients are statistically significant at the 90% level using the t-test for each coefficient, and the estimated linear functions explain much of the variability in Log(AST) (R2≈0.69).
1) Multicollinearity takes place when two or more independent variables are highly correlated with each other. It may cause estimation bias. In addition, datasets involving multicollinearity may not produce the inverse matrix necessary for computing the regression coefficients. Table 1 (Table   1) . It is therefore necessary to expand the previous model to reduce the spatial autocorrelation.
In a first stage, spatial lag models (SAR) are estimated to capture the effects of surface temperatures in neighboring grid cells. 
SAR Results
The SAR models are estimated while consider- (Table 2) .
Also, this SAR model has the highest   (0.72), while the   of the two other models are very close to the OLS   . The SAR coefficient estimates have the same signs across all three contiguity matrices, and these signs are the same as in the log-linear model ( Table 1) . Because of these results, only the SAR model with the first-order contiguity matrix is further explored.
Because the LM test is statistically significant, indicating that the error term of the SAR model is still spatially autocorrelated, it is necessary to expand the SAR model into the general spatial model (GSM) models in an effort to further reduce spatial dependency.
GSM Results
The GSM includes both the spatially correlated error term coefficient λ and the spatial lag term coefficient ρ. The results are presented in Table   3 . The coefficients ρ and λ are statistically sig- Finally, this research is expected to be transferable to South Korea, because the Columbus, Ohio, area is geographically and topographically similar to Seoul.
